ABSTRACT Economic-emission load dispatch uses the fuel cost variables and gas emission in a minimized way to obtain an optimal operation in generation units in a power plant, guaranteeing the supply of demand. The first variable is definitive to ensure business continuity and the second to comply with environmental legislation and no degradation of the environment. This paper analyzes the use of a new computational optimization algorithm based on the cultural algorithm (CA), improved with local search techniques simulated annealing and Tabu search, using data from a real power plant with 10 generators and the system of the IEEE with 13 generating units. The application has two options of operation: the classic one, which operates with all generators seeking to minimize the cost and emission meeting the specified demand; and the controlled one, which turns off the generators that have the highest incremental fuel cost but guaranteeing the demand and reducing the emission of gases. Simulations were performed on the six possible options in this application. The results obtained were compared with each other and with the results of other techniques reported in the literature. The local search that improved the CA and the new way of updating topographic knowledge allowed the results to be better than those found by other metaheuristics that solved the same problem of the real plant and the IEEE system. INDEX TERMS Economic load dispatch, emission, cultural algorithm, power plants, simulated annealing, Tabu search.
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I. INTRODUCTION
The economic load dispatch (ELD) activity is a task within the various optimization problems in power generating systems. According to [1] , ELD is one of the main tasks of optimization in energy systems. In the optimization of the ELD, it is necessary to minimize the fuel cost without compromising the plant's energy supply. That is, it is to enable the outputs of all available generation units in the power system, in order to minimize fuel costs and at the same time, meet all constraints [2] , [3] . A very important constraint nowadays is the environmental one, which is directly linked to the emissions of gases in systems of generation of electricity through thermal power plants that release a significant amount of pollutants such as oxides of sulfur (SO x ), oxides of nitrogen (NO x ), Carbon monoxide (CO), carbon dioxide (CO 2 ) and also small amounts of toxic metals to the atmosphere [4] - [6] . The fuel cost function and the emission function of the generating unit must be minimized simultaneously in order to have the cost and the minimum emissions when this unit is in operation to supply the demand programmed for the plant. For the simultaneous minimization of two functions, this problem is considered as a multi-objective optimization problem [7] , [8] . Currently, a multi-objective optimization is undoubtedly a very popular topic for researchers and engineers [9] , [10] .
Several algorithms and techniques have been proposed to solve combined economic emission load dispatch (CEED) problems [11] , [12] . Most of them can be categorized as mathematical or evolutionary optimization techniques [13] . The use of conventional for solving CEED was investigated by [14] . These techniques have become increasingly difficult to use because of the complexity presented by power systems in increasing constraints due to the interconnection of power grids and other factors.
The increase in applied artificial intelligence research in the area of optimization problem solving was also directed to use in the CEED problem-solving. The evolutionary algorithm has been shown as an additional option for solving the CEED problem. The version 3 of the CA presented by [13] , uses two knowledge: normative knowledge and situational knowledge, for CEED optimization. A hybrid method proposed by [15] , combined a differential evolution algorithm (DE) in the CA structure, in the CEED solution. The paper [16] have developed an economic dispatch algorithm for determining the optimum global dispatch solution using the SA technique. In the paper of [17] , a new multi-objective optimization method is presented for the economic dispatch of loads using SA. Particle swarm optimization (PSO) is used by [18] to solve the problem of emission and economic dispatch. The Nondominated Sorting Genetic Algorithm II (NSGA II) is used by [19] to solve the CEED in thermal power plants. Ali and Elazim use an implementation of mine blast algorithm (MBA) to solve ELD and CEED problems in power systems [20] .
The Genetic Algorithm (GA), combined with the Taguchi method, are used to implement a new optimization algorithm to solve the problem of ELD with the valve point effect [21] .
Qu et al. [22] , examines the state-of-the-art of research related to large numbers of publications reporting applications of multi-objective evolutionary algorithms (MOEAs).
It covers topics of typical MOEAs, classical EED problems, dynamic EED problems, EED problems incorporating wind energy, EED problems incorporating electric vehicles and EED problems into micro-networks.
Symbiotic organisms search algorithm (SOS) is a novel and effective meta-heuristic optimization algorithm. It is an improved algorithm for coming up with the best possible solution in optimization problems involving multi-variable functions, and it stimulates symbiotic interaction tactics utilized by organisms with a view to surviving in nature. The SOS was used in [23] to solve the EELD problem for thermal generators in power systems.
The Tabu Search (TS) is used in the works of [24] , [25] . The first ones improve the TS and utilize flexible memory to avoid local minima and the second ones use the multiple TS Technique. Both with the intention of solving the ELD problem. The use of the sort of stochastic optimization algorithm named Self-Organized Migration Algorithm (SOMA) was used with the CA by [26] to solve the problem of ELD in thermal power plants with valve-point effect. An implementation of the FPA (Flower Pollination Algorithm) to solve ELD and CEED problems in power systems is discussed by Abdelaziz et al. [27] .
Zhang et al. [28] developed a hybrid PSO-CA technique to implement the evolution of population space and two types of knowledge structures in the belief space to solve the CEED problem when considering prohibited operating zones and generator boundaries. The use of the evolutionary programming (EP) integrated to the cultural algorithm (CA) was used by [29] to solve the problem CEED, involving several restrictions.
The research of scientific work that gave the technical support to the development of this paper, demonstrated that CEELD is a subject that contains several published types of research that seek the best way to meet the energy demand with lower fuel cost and less emission of pollutant gases. The vast majority deal with this subject always using all connected generators and other more recently published by some authors of this paper also already considers the shutdown of generators that have higher losses [30] , [31] .
This work differs from those mentioned previously that use CA, by use of CA based on three sources of knowledge (Normative, Situational and Topographic). Being that the topographic knowledge is implemented with a new concept to your update. Also differs from other implementations by the use of hybrid CA with SA and then with the TS, which are local searches that aim to improve the result obtained in the exploration of the CA. That is, the CA explores the entire domain of the problem based on the update of the three sources of knowledge used, and the local search performs the exploitation in the neighborhood of the result found by the CA. Another difference is the fact that the data are real, that is, they were collected at a power generation plant located in the state of Amazonas, Brazil. In this work, the possibility of turning off the generators is also used. However, what determines which generator will be terminated is the incremental cost calculated for each new generation. Another case, with 13 generators, was adopted and solved to illustrate the effectiveness of the proposed algorithm. His experimental results were analyzed and compared with the existing algorithms, which show that the proposed method outperforms other algorithms and has achieved a significant improvement. The computational application resulting from this work can be used to assist in the efficient management of power plants.
II. MATERIALS AND METHODS
This section brings together the themes necessary for the development of this work. The subjects are presented in a reduced form, but, they provide enough content for a good understanding.
A. COMBINED ECONOMIC EMISSION LOAD DISPATCH
Economic load dispatch (ELD) is one of the main tasks of optimization in energy systems. The main objective of the ELD is to determine the optimal distribution of the energy demand among generating units committed, with the minimization of the total operational cost, while at the same time satisfying a set of constraints of equality and inequality. Because of environmental concern, one of the constraints that have to be taken into account is the importance of environmental constraints [1] .
The assessment of variables related to the fuel cost and the emission of gases are considered important when dealing with the load dispatch in thermal power plants. The functions that depend on these variables are minimized to ensure an optimal CEELD, these are the objective functions: economic and environmental, respectively.
1) ECONOMY OBJECTIVE
The objective function that must be minimized to maintain the total system fuel cost is modeled by the quadratic function given by (1) [32] . Where, a i , b i and c i are the fuel cost coefficients of each generator unit, n is the number of generators and P i the active power of each generator.
2) ENVIRONMENTAL OBJECTIVE For gas emission, the objective function is also modeled by a quadratic function given by (2) [33] . Where d i , e i and f i are the emission coefficients.
The minimization of the functions F 1 (P) and F 2 (P) on the set of possible power solutions generated by each generator, are used in the definition of the multi-objective optimization problem through:
The definition given by the above expression is directly related to the constraints that accompany the multi-objective VOLUME 6, 2018 FIGURE 1. The pseudo code of SA. Source: Adapted from [36] .
optimization problem applied to CEELD. For this work, the equality constraints of power balance and the inequality constraints in terms of generation capacity are considered. An equality power balance constraints are the algebraic sum of the powers of the system under study should be null [32] , [34] . This restriction is given by (4),
where P i , is the output power of each generator, P D is the power demand and P L are the power losses associated with transmission. The losses of the transmission line P L , given by (5), throughout the whole system are quadratic functions with respect to the variables P j and are calculated using the constant B coefficient formula [32] : (5) where B ij is an element of the matrix of loss coefficients of size nxn,B 0i is the element i of the vector of loss coefficients of size n and B 00 the coefficient of constant loss [32] . An inequality constraint in terms of generation capacity: to have a smooth and stable system operation, all generators are tightly constrained to operate with their minimum and maximum generation limits [13] , given by (6):
Where: P i − Output power of generator i P min.i − Minimum power generator i P max.i − Maximum power of generator i
B. METHODS TO SOLVE THE CEELD
There are different mathematical and computational methods to solve the CEELD issue that will be briefly described here. The simulated annealing technique is based on a physical phenomenon and is widely used for the CEELD solution. In physics, annealing refers to the process of heating a solid at an elevated temperature, followed by slow cooling achieved by decreasing the ambient temperature in steps [35] . In physical annealing, when a particle melted at a very high temperature is cooled slowly, the particle can reach the state of thermal equilibrium at each temperature. At any temperature T, the thermal equilibrium state is characterized by [16] , given by (7).
where E i , is the energy of the particle configuration K B is the Boltzmann constant and T is the temperature. This process is used in the computer simulation annealing technique to determine optimum global solutions or close to an optimal solution in optimization problems. Each cooling step is compared to each iteration performed by SA, where a possible solution is generated. If this is better, it will be used to generate a new possible solution. If P (E i ) is greater than a randomly generated number between 0 and 1, a possible rejected solution then can be accepted. The acceptance of possible rejected solutions causes the algorithm to explore other regions in search of solutions close to the global optimum. Fig. 1 shows the pseudo code of the SA.
The TS is a heuristic procedure used to solve various optimization problems. The main advantages of the TS algorithm are its ability to escape from the local optimum and its rapid convergence to the global optimum. However, a conventional TS algorithm may have problems reaching the optimized global solution in a reasonable computational time when the initial solution is far from the region where the optimal solution exists [25] .
The good performance of TS is closely related to the quality of the initial solution. The TS is based on a called Tabu List that prohibits movements in previously visited places. There are certain conditions imposed on the movements, which make some of them prohibited. These forbidden moves are known as tabu. A Tabu List will be formed to record these movements. A new test vector that satisfies the tabu restriction is classified as tabu. The dimension of the Tabu List is called the size of the Tabu List [24] . Another element that makes up the TS algorithm is the aspiration criterion. The simplest and most common aspiration criterion found in almost all TS implementations is to allow some movement during the Tabu Search when it results in a solution with a target value better than the currently best-known solution (since the new solution, obviously, was not visited and consequently not found previously) [37] . Other aspiration criteria are presented by [38] :
Aspiration by global objective: It consists of withdrawing the tabu status of a movement if a solution with the best global evaluation is produced.
Aspiration by regional objective: A Tabu movement loses its status when it is generated a better solution than the best one found in the current search region. The Default aspiration occurs if all possible moves are tabu and it cannot be applied another aspiration criterion, then the oldest move loses its tabu condition. The pseudocode of the Tabu search is presented in Fig.2 .
The CA is an extension of GA developed as a computational model to describe cultural changes and designed to support a broad spectrum of cultural evolutionary theories in the anthropological literature [39] .
CA can be defined as a cultural evolutionary model with two components, called Belief Space and Population Space, along with a set of communication protocols that coordinate the interaction between the two spaces [40] . One advantage of the CA compared to other evolutionary algorithms according to [41] , is that the CA is the only evolutionary algorithm that explicitly controls the use of different sources of knowledge that make up the Belief Space. This space uses the knowledge accumulated throughout the generations to help the Population Space generate new good solutions to better guide the evolutionary search [42] . Cultural Algorithms accelerate the convergence rate of the evolutionary approach through a dual inheritance mechanism (Genetic / Culture). This mechanism allows CA to explore both microevolution and macroevolution. Microevolution refers to the evolution that happens at the population level and macroevolution is that which occurs in the culture itself, that is, the evolution of the Belief Space [41] .
In the CAs the evolution occurs more quickly than in population approach without the mechanism of macroevolution. The characteristics and behavior of individuals are represented in the Population Space. This representation can support any population-based computational model such as Genetic Algorithms, Evolutionary Programming, Genetic Programming, Differential Evolution, and immune system, among others [43] .
Population Space is formed by a set of individuals, in which each individual has a set of independent characteristics used to calculate his aptitude, whereas the Belief Space stores the knowledge acquired by individuals through generations. At each iteration of the algorithm, individuals in the Population Space can be replaced by some of their descendants, which are obtained by applying some operators to the population and can be influenced or guided by the Belief Space. Therefore, the Belief Space for each population must be updated by communication with the population [44] . Fig. 3 and Fig. 4 show the pseudocode and framework of the CA, respectively.
In the first CA, only one source of knowledge was used in the Space of Beliefs. This was typically adapted to address the pursuit of the problem in question. The situational knowledge was used first, then the normative, topographical, of the domain and finally the historical knowledge were used [45] . Different sources of knowledge are useful in decision-making [45] : -Situational knowledge: examples of successful and unsuccessful solutions, etc. -Normative knowledge: acceptable intervals of behavior. -Knowledge of domain: knowledge of domain objects, their relations, and interactions.
-Topographic knowledge: spatial patterns of behavior.
-Historical knowledge: temporal patterns of behavior. Population space and belief space are linked by a communication mechanism (protocol) composed of an acceptance function that is used to collect the experience of individuals from the selected population. The execution of the acceptance function can generate a modification in the belief space through the update function. The other function of the communication protocol is the influence function that can make use of the knowledge obtained from problem-solving in the belief space to guide the evolution of individuals in the population space.
In this work, the situational, normative and topographic knowledge is used, and they are based on the existing literature. The topographic knowledge is presented in section C because it has been improved by the local search to provide areas with more probability of occurrence of better fitness.
In situational knowledge, each exemplary individual is represented by a set with a value for each parameter and the value of the fitness. These sets form a list S that determines the structure of situational knowledge. That is:
, where E n is each set representing an exemplary individual, and n indicates the number of elements that are used to compose situational knowledge. En = (X1, X2, . . . , Xi, f (X)), where Xi represents each parameter, where i is the quantity of the problem parameter and f (X) the fitness obtained for those parameters. Fig. 5 shows the structure of situational knowledge. I define an interval that is a continuous set of real numbers, given by:
Where l is the lower bound of the range, u is the upper bound of the Range.
L represents fitness for the lower limit. U stands for fitness for the upper limit. Fig. 6 shows the normative knowledge structure.
C. PROPOSAL HYBRID ALGORITHM
Cultural algorithms have been successfully applied to global optimization of unconstrained [46] , constrained functions [47] and scheduling problems [45] . Other applications include the implementation of some problems for Power System field such as substation planning [48] , hydrothermal scheduling [49] and Economic load dispatch [29] . In cultural Algorithms, the population space can support any population-based computational model, such as Genetic Algorithms, and Evolutionary Programming. By embedding these populations based evolutionary computation methodologies within a Cultural Algorithm framework, the belief space can serve as a knowledge repository that preserves knowledge across generational boundaries. Knowledge from highly successful individuals is sent into the Belief Space and augments the problem-solving knowledge stored there. Knowledge from the Belief Space is then applied to guide the generation of new individuals in the population space [41] .
Evolutionary Algorithms, in general, can be seen as general global search algorithms, which suffer from the problem of premature convergence due to loss of diversity and/or due to the presence of local maxima. One way to address this problem is to use hybrid algorithms that combine global search characteristics (through Evolutionary Algorithms) with local search. This type of algorithm is commonly called Memetic Algorithm and has presented good performance in complex optimization problems, as highlighted in the literature [50] . The role of local search is fundamental and the selection of its search rules together with its harmonization with the global search scheme produces the success of memetic algorithms [50] .
In this paper, the CA has the population evolved through GA. The space of belief mainly covers three types of knowledge: Situational, Normative and Topographic. Although historical knowledge is also exploited implicitly, when it uses the tabu list, it has the history of past values.
The use of the information of the three best individuals found in the local search is used to define an area of good behavior that feeds the topographic knowledge. This approach until then had not been used, according to the bibliographical research made, it this shows the relevance of the research. Fig. 7 shows an example of disjoint areas demarcated as best results in local search.
The A ', B' and C 'points were the best value found when the local search was performed in the neighborhood of A, B, and C, respectively. Thus, these values demarcate an area that will be accepted for topographic knowledge. The same happens with the points J ', K' and L ', which indicate the best values in the neighborhood of J, K and L. Before updating the topographic knowledge with this new information, it is verified if there is an intersection between the stored area and this new area. In this case, the intersection is the empty set, that is ( A'B'C') ∩ ( J'K'L') = Ø, so, the two areas are considered promising and are stored in the topographic knowledge and to be used to influence new individuals depends on a probability defined as an input parameter.
After a new local search, the R ', S' and T 'points were found, which define the best search location in the neighborhood of R, S, and T, generating a new area marked by the triangle R'S'T'. In this case, this area has a region in common with the triangle
The new area is stored in the topographic knowledge along with the result of the obtained intersection , which happens to be a highly promising area, that for influence the new individuals have an increase in the probability defined in the input parameter.
The Fig. 8 shows an example with congruent areas demarcated after a local search. Local search techniques are applied within the mutation function. The energy (Temperature) of local search is varied by 5, 10 and 15 for SA, and the tabu list size is varied by 2, 4 and 6 when TS is used. Fig. 9 shows the pseudocode of the algorithm used. Since the CA_LocalSearch() function is used to represent the use of SA or TS.
A hybrid of the SA technique with TS was implemented to be used in comparing the results obtained by applying the VOLUME 6, 2018 FIGURE 9. Pseudocode of the proposed Algorithm. Source: Adapted from [51] CA with the heuristic techniques presented in this article. The implementation followed the methodology used in [35] , where the SA provides the initial solution. This improves the quality of the solutions received by the TS, resulting in better solutions and avoiding the return periodically to solutions previously found. In this approach was used of the plant scenery with 10 generators and the same parameters used in the hybrid of CA + SA and CA + TS.
III. SOLUTION OF CEELD BY THE NEW IMPLEMENTATION OF CULTURAL ALGORITHM A. POWER GENERATION REAL PLANT
The power plant data and its set of engines were obtained from [31] , who used 10 J620 (Manufacturer: GE Jenbacher, Jenbach -Austria) gas engines. They used a field research process to collect the data needed to generate Tables 1 and 2 that shows the characteristics of each engine that operate in this plant in relation to the coefficients for quadratic fuel cost functions and emission functions.
Loss coefficients (B m ) are given by a square matrix of size nxn, where n is the number of engines. The table 3 show the losses matrix.
The problem to be solved by Multi-Objective CA with Local Search (SA or TS) optimization can be formulated as follows as Equation (3) . Where:
The F 1 (P i ) is the fuel cost equation of the i th engine. It is the change in the fuel cost ($) versus the generated power (Mw). The values of the coefficients a i , b i , c i , and each P i are obtained from Table 1 . Normally, it is expressed by (1) the continuous quadratic equation.
The obtained from Table 2 . Normally, it is expressed by (2) the continuous quadratic equation.
Power losses are calculated by (5) , and the restrictions used in this case are (8) and (9). (8) where N G refers to a total number of generators.
The algorithm to determine the CEELD of a power plant using multi-objective CA with Local Search (SA or TS) method is described in the following pseudo code of 
B. IEEE ELD TEST SYSTEM WITH 13 UNITS
The data in Tables 4 and 5 are from the 13-units IEEE test system [52] . In them is the information of the characteristics of each generator in relation to the coefficients for quadratic fuel cost functions and emission functions.
The system was subjected to the same tests used in item A, with a demand programmed to 2520 MW. Tables 4 and 5 are used as input for new simulations using the same parameters used in the power generation real system with 10 generators, applying the CA, CA + SA and CA + TS algorithms in the solution of the CEELD problem. 
IV. RESULTS ANALYSIS A. RESULTS IN THE POWER GENERATION REAL PLANT
After 30 simulations, each simulation with a different initial population, it was verified that the values obtained for the cost and emissions were better than those obtained in the articles used as reference [30] , [31] . Table 6 shows the values found by [30] , [31] , which solved the problem of CEELD with DE and with SA respectively, compared to the classic CA of this article. The result in blue shows the best result of the algorithms. The green result shows the best algorithm result when the generators with the highest operating cost are turned off.
The comparison made in Table 6 shows that the results using the CA were better than those obtained by [31] , with the application of the SA, for both cost and emissions. However, the best cost was found in [30] , where ED was used.
In the evaluation of the application of the techniques listed in Table 6 , applied into all generators, there was a reduction of 50.66% of the emissions with the use of CA. When the resource to turn off the generators with the greatest cost in power generation was used, the reduction values with the use of the CA were: 16.28% for fuel cost and 5.47% for emissions.
As the use of the CA implemented in this article obtained better values than the work of [31] , the rest of the article will compare the results of the CA with the hybridization of the CA with SA and then with the TS. Table 7 shows the final report with the demonstration of the best values of P i found by each algorithm. It is observed that the values are very close in each scenario (scenario 1: use of all generators, scenario 2: the possibility to turn off the generators with greater cost in the generation of energy). However, there is a small improvement in the results obtained with the CA hybrid with the local searches. However, the best result was that of CA + TS that used the Tabu List with size equal to 6. Table 8 shows the emission values of each generator, which are obtained when applied (2), using the values of P i found by each algorithm. It is observed that the total emissions increase when using the feature of turning off the generators of greater cost in the generation of energy. This is due to the fact that in this scenario the priority is to reduce the fuel cost. Table 9 shows the fuel costs for each generator, which are obtained when applying (1), using the values of P i found by each algorithm. It is observed that there was a reduction of approximately 34.00% in total fuel costs in the scenarios used (scenario 1: use of all generators, scenario 2: possibility turn off the generators with the greatest cost in energy generation). Another point to be highlighted, is that the CA with the TS, presented a small improvement in the values obtained in relation to the other algorithms.
The results of the computational optimization algorithm based on cultural algorithms show that there was a minimization of the variables of the total fuel cost and of the gas emissions, maintaining the demand programmed. Table 10 compares the work values of [31] with each algorithm of the work presented in this article. It is observed that the best results were obtained with the hybridization with the local search. This is due to the fact that the CA finds the optimal value by its exploration and the local search performs a new exploration in the neighborhood of the point found by the CA. The results of the local searches were very close, but, CA + TS, obtained better values. Table 11 compares the fuel cost values of [30] with each algorithm presented in this article.
As CA + TS obtained better results than the other algorithms, it was used to generate the curves of Fig. 11, 12, 13 and 14 . Fig. 11 and Fig.12 show the evolution of the cost and emission functions in relation to the generations, in the situation of using all generators and with disconnections of generators with the highest incremental cost, respectively. 
TABLE 7.
Final report of the comparative multi-objective CA (Power Generation per generator).
In Fig. 11 , it is observed that when all generators are used, the emission function decreases its value up to generation 25 and then becomes a constant value.
In Fig. 12 , since the generators that have the greatest cost in power generation, are turned off, the cost function already presents a much lower value than that shown in Fig. 11 . However, the emission function has a higher value than that presented in the previous situation. For all points of the Pareto Front curve, the total power generated is equal to the 20 MW demand. However, in the graph shown in Fig. 12 , it is noted that if the manager of the thermal plant wants to greatly reduce the cost, it will have VOLUME 6, 2018 The graph shown in Fig. 14 has a more critical emission behavior. For, small variations in the fuel cost, there is a large variation in emissions. For in this approach, with generators turned off by the high cost in a generation, the manager already has an optimization situation, and if he wants to lower the fuel cost, there will be a large increase in emissions. The blue dot that appears in Fig. 13 and Fig. 14 , represent the best option found in both approaches.
In order to improve the analysis in the case study of the power generation plant with 10 generators, a comparison was made of CA, CA + SA, CA + TS with classical GA, both in relation to the power generation cost and emissions. Table 12 and 13 show the respective comparisons.
Regarding costs and emissions, the values found in GA are worse than those found in the CA and their hybridizations. It can be seen from the graph in Fig. 15 , that with the passing of the generations the evolution in the GA sometimes stops at some points and only leaves this when a mutation happens. However, CA conducts a more diversified exploration by supporting its evolution in the improvement of its sources of knowledge. VOLUME 6, 2018 It can be observed that the local search carries out the exploitation near a point of the neighborhood of a value that for the CA is considered optimal.
The final value found in CA + TS is better than in CA and CA + SA. However, it is noted that in the first generations the CA + TS, were found better values than their last result.
Comparison of the minimum, mean, maximum cost and standard deviation of the CA, CA + SA, CA + TS and GA algorithms for the application of these algorithms in the 10 generators plant are shown in Table 14 .
The use of hybridization of SA with TS provided a result very close to CA + SA in relation to cost. However, the CA + TS hybrid obtained a better result. Table 15 shows the result of this comparison in relation to cost.
When the emission values are observed, it can be seen in table 16 , that the result using CA + SA and CA + TS are better than those obtained with SA + TS hybridization. Table 17 shows the result obtained through the use of the algorithms proposed in this article with the shutdown of the most expensive engines in the electric power generation. There is no comparison with other results, due to the fact that were not found in other works performed with the same parameters and approach this article [53] .
B. RESULTS IN THE IEEE ELD TEST SYSTEM WITH 13 UNITS
The lowest total cost and the lowest emission occur in this approach, when CA + TS and CA + SA are used, respectively. These values are shown in blue in Table 17 . The results obtained from the application of the algorithms proposed in this paper solving the problem of CEELD in the IEEE system with 13 generators, were compared with some other results found in the scientific literature. The comparison of the statistical data of the minimum, mean, maximum cost and standard deviation of the CA, CA + SA and CA + TS algorithms proposed in this work with the results of other recently reported methods is shown in Table 19 .
The standard deviation found in the algorithms of this article were smaller than those presented in Table 18 , and the CA + TS algorithm presented the lowest value in relation to the others.
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The convergence characteristic curve of each algorithm proposed in this article is shown in Fig. 17 , which corresponds to the optimal solution reported in Table 17 .
The convergence characteristic of the proposed CA + TS algorithm is fast and smooth to achieve the optimal solution as projected in Table 17 .
V. CONCLUSIONS
Although there are several studies related to the ELD Problem combined with the emission of gases generated in the production of electric energy, this paper solves this problem through the application of an evolutionary process that is the CA. The CA is also improved with the insertion of two local searches, SA and TS. In the real case approach with 10 generators, a comparison was made with work that used the SA to solve the CEELD in the situation where all generators remained turned on and in the other situation where the generators with the highest generation cost were turned off. In both situations, the CA obtained better results, with a cost reduction of 0.15% when all generators turn on and 16.51% when the higher cost generators were turned off. In the emissions, the reductions were of 50.66% with generators turned on and 5.47% with the shutdown of the generators. In the comparison with work performed in the same plant approaching the ELD with the use of DE, the best result in cost with all generators turned on was the DE. For the turned off generators there was a reduction of 16.28%. The results obtained in the simulations with CA, CA + SA and CA + TS were all very close values. However, the hybrids were better than the classic CA.
In the comparison of CA hybrids (CA + SA and CA + TS), with SA + TS, the results show that the implementations with the CA and the two techniques used as local search were better than the one that did not use the advantage of evolution based on the sources of knowledge.
The algorithms proposed in this work applied in the IEEE test system with 13 generators, had the best result in cost CA + TS and in the emissions CA + SA. Comparing with other results found in the literature, the CA + TS in relation to cost was the one that obtained the lowest value. In relation to the emissions, the SA + TS hybrid achieved the best result, being the second best result the CA + TS. In this way, the implementation of this solution shows itself to be a success, since it has been able to reduce the cost of the fuel used to supply the requested demand. This fact is demonstrated both in the application in the real plant and in the IEEE system with 13 units. This work is introducing the use of this CA hybridization with these two local search heuristics in the CEELD solution. This hybridization improved the result obtained by the classical CA.
This method helps the expert in the decision making of preventive maintenance of machines that are not being used in the moment of multi-objective optimization, improving not only the efficiency of generation and reduction total emission but also of the power plant generation planning.
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